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ABSTRACT
Examining the spatial relationship between maternal morbidity, access to health care, and
community characteristics in West Virginia

Sarah Woolard

Maternal-related morbidity rates in the United States have risen almost three fold since the early
1990’s. Issues related to rurality, socioeconomic disparities, and pre-existing health conditions
increase the risk of poor pregnancy outcomes and introduce barriers to accessing advanced
maternal health care. West Virginia (WV) has higher maternal morbidity rates than many other
states in the United States (US), and is considered to be driven by all 55 counties being classified
as Appalachian, possessing the highest prenatal smoking rate in the US, and having disparities in
access to health care. Despite this, no previous studies have evaluated maternal morbidity in
West Virginia. In this analysis, severe maternal morbidity (SMM) rates and its relationship with
county-level covariates, including socioeconomic, demographic, and maternal behavior
characteristics, and spatial access to health care sites are explored using morbidity cases in WV
from 2014 to 2018. Moran’s I, Local Moran’s I, and drive time to maternal health care sites are
in the analysis to explore spatial patterns of SMM and access to maternal care. Exploratory
spatial data analysis (ESDA) revealed counties in the southern and eastern parts of the state
experience higher maternal morbidity rates compared to the rest of the counties. OLS modelling
identified the percent of pregnant African American women and the percent of women with more
than 14 prenatal visits as the only two variables with a significant relationship to SMM. This
suggests an increase in SMM in counties with a higher percent of pregnant African American
women and women who attend fewer than 14 visits. Maternal health care sites were found to not
be spatially accessible by everyone in the state and many areas in WV had no maternal sites
within 30 minutes. Highlighting counties in West Virginia that have higher rates of SMM and
lowered access to health care can support efforts on increasing access to maternal-related health
care by identifying where maternal health care is needed.
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Chapter 1: Introduction, Research Questions, Literature Review
1.1 Introduction
The United States has been experiencing a rise in pregnancy-related morbidity and severe
maternal morbidity (SMM) rates since the end of the 20th century (Creanga et al., 2014b; CDC,
2021; Hansen et al., 2020). Severe maternal morbidity is any unexpected health outcome(s)
during labor or delivery which results in adverse consequences to the mother’s health (CDC,
2021). SMM can occur during labor or delivery, and it can also occur up to one year after the end
of the pregnancy. SMM that occurs within delivery centers is identified by the CDC using
hospital discharge records, natality data, and the International Classification of Diseases (ICD)
codes (CDC, 2021). A total of 21 ICD codes, covering various maternal morbidity indicators
such as blood transfusion, hysterectomy, eclampsia, and embolisms, are used to identify SMM
during hospitalization. Most women are diagnosed with SMM in the hospital or birthing center
near the time of admittance, however, little is known about the rate of SMM diagnosis after
leaving (CDC, 2021). The SMM rate incorporates a range of physical and psychologic
conditions which stem from or were aggravated by pregnancy or developed after birth, increased
roughly three-fold from 49.5 cases per 10,000 births in 1993 to 146.6 in 2015 within the United
States (Creanga et al., 2014; CDC, 2021; MUSC Health, 2019).

Despite the United States experiencing the greatest increase in maternal-related mortality
and morbidity out of all high-income countries, the increase was not spatially homogeneous
across the country (NIH, 2019; Hansen and Moloney, 2020). Specifically, some recent studies
have identified increased maternal mortality and morbidity risks for women in rural and
Appalachian areas (Admon et al., 2017; NIH, 2019; Creanga et al., 2014a; Linsonkova et al.,
2016; Hansen et al., 2021). Women of color, women who have limited or no access to adequate
pregnancy-related health care, and women who live in low-income areas are most at risk of
adverse health outcomes resulting from pregnancy (Kozhimannil et al., 2018; Petersen et al.,
2018; Hansen et al., 2021). In 2021, West Virginia was 1 of 6 states to receive the letter grade
“F” for infant and maternal care based on social variables, such as quality and accessibility of
healthcare and the policies within a state (March of Dimes, 2021). However, no research
currently exists on the relationship between maternal morbidity, spatial and non-spatial health
1

care access, and socioeconomic characteristics in West Virginia at the county level. This analysis
focused on women in West Virginia as they are more at risk of adverse maternal health outcomes
due to lack of access to adequate health care, lower socioeconomic status, and greater health
disparities rooted in geographic isolation and environmental exploitation (Hansen and Moloney,
2020; Hansen et al., 2021).

Limited access to adequate healthcare, elevated risks of adverse health outcomes, such as
higher total all-cause mortality rates, increased exposure to environmental health risks, and
overall greater health disparities have long been identified as public health challenges in West
Virginia, and most of Appalachia (Behringer et al., 2007; Blackley et al., 2011; Hendryx et al.,
2010; Hutson et al., 2007; Krometis et al., 2017; Lefevers, 2019; Yao et al., 2017). In the 1960s,
the region of Appalachia was formally defined by federal legislation and included over 400
counties across 13 states, including all 55 counties of West Virginia (Behringer et al., 2007;
Blackley et al., 2011). At the same time, the Appalachian Regional Commission (ARC) was
formed to help alleviate the impacts of geographic isolation, strengthen economic development,
and increase public health in the region (Behringer et al., 2007; Blackley et al., 2011). Despite
increased economic and health efforts, West Virginia continued to experience an increase in
health disparities with a widening gap of all-cause total mortality rates, including maternal
morbidity rates (Blackley et al., 2011; Donohoe et al., 2015; Krometis et al., 2017; Woolf et al.,
2019; Yao et al., 2017). For these reasons, it is essential to highlight West Virginia in spatial
health research to monitor severe maternal morbidity rates and identify where public health
strategies should be focused to begin alleviating maternal morbidity.

1.2 Research Questions
▪

What spatial trends and patterns of maternal-related morbidity exist at the county level in
West Virginia?

▪

What socio-economic, demographic, physical, and behavioral characteristics are
associated with higher maternal-related morbidity rates?

▪

Is access to maternal health care associated with maternal-related morbidity rates in West
Virginia?
2

1.3 Literature Review
Previous studies have documented various individual and community-level
characteristics which have been found to have a statistically significant relationship with higher
maternal morbidity rates. Increased risks for maternal morbidity include being a woman of color
(Creanga et al., 2014a; Petersen et al., 2019; CDC, 2021; Hansen et al., 2021; Hoyert, 2021),
being insured by Medicaid or having no health insurance, (Creanga et al., 2014a; Admon et al.,
2017; Fingar et al., 2018), and being of higher maternal age (Petersen et al., 2019; Burgess et al.,
2020; Fingar et al., 2018). Due to spatial heterogeneity, the observed patterns and correlations
found among certain populations and geographic extents may not be reflected in other
populations or areas. Some studies have shown that maternal-related morbidity and mortality is
associated with younger maternal age groups in rural settings, such as an increased risk in
Kentucky among women under 17 years old (Hansen et al., 2021) and for women roughly
around or below 20 years old in the US (Creanga et al., 2014a; Fingar et al., 2018; NIH, 2020;
Hoyert, 2021). Low socioeconomic status is also normally associated with chronic conditions,
smoking and substance abuse, and therefore, contributes to a positive association with severe
maternal morbidity (Admon et al., 2017; Creanaga et al., 2014a; Fingar et al., 2018).

Approximately 700 women in the United States die annually due to pregnancy or
delivery health complications and about 60% of them are deemed preventable (Petersen et al.,
2019; CDC, 2021). Complications resulting in maternal morbidity, and sometimes mortality, are
a result of health conditions women have before being pregnant that may have become
aggravated during pregnancy or conditions which develop during the pregnancy. Pregnancy
health behaviors such as tobacco use, alcohol use, and drug use are some modifiable factors that
raise the risk of complications and result in maternal, and sometimes infant, morbidity. Smoking
and substance use during pregnancy can increase the risk of maternal morbidity outcomes such
as blood transfusion, eclampsia, cardiomyopathy, decreased placental oxygen, inadequate
nutrients, ectopic pregnancy, hemorrhage, or placenta abruption (Minnes et al., 2011; NIH, 2020;
Petersen et al., 2019; Hansen et al., 2021). West Virginia has the highest proportion of pregnant
smoking, with roughly 30% of West Virginia women smoking while pregnant, which is nearly
three times the national average (CDC, 2021). From 2012 to 2018, West Virginia also
experienced a rise in substance abuse during pregnancy (Lilly et al., 2019). The significant
3

positive associations between unhealthy prenatal health behaviors, maternal health
complications, and the increase in behavioral risks further the urgency to examine patterns in
West Virginia.

Alongside behavioral risks, physical health conditions that exist before or during
pregnancy are significantly associated with maternal morbidity. Some existing studies have
linked rising rates of morbidity to women with chronic illnesses and conditions, including
hypertension, diabetes and obesity, HIV/AIDS, and renal, liver, or respiratory disease (Creanga
et al., 2014a; Admon et al., 2017; Petersen et al., 2019; GAO, 2020; Hansen et al., 2021).
Chronic illnesses like obesity, cardiovascular, lung, and rectal diseases are extremely common in
West Virginia and are growing public health concerns, especially for pregnant women
(Amarasinghe et al., 2006; Annie et al., 2020; Hansen et al., 2021). Non-chronic health
conditions like infection, sepsis, renal failure, embolism, and uterine rupture are also classified as
adverse maternal health outcomes (Linsonkova et al., 2016; Fingar et al., 2018; GAO, 2020).

The ability to access healthcare, in terms of spatial access and socioeconomic factors, has
been shown in some studies to decrease or alleviate maternal morbidity in Appalachian areas
specifically (Kozhimannil et al., 2018; Petersen et al., 2018; Hansen and Moloney, 2020). Access
to adequate health care in Appalachian areas is crucial to prevent maternal complications and
alleviate maternal health disparities, especially in rural WV. Women in rural areas have a
greater risk of maternal morbidity than non-rural women due to challenges in accessing
pregnancy-related health care, proximity of health care sites, social or cultural factors influencing
the ability of women to seek care (Burgess et al., 2020), or overall lack of surveillance
(Lisonkova et al., 2016; Hansen and Moloney, 2020). Rural medical providers may also not be
trained or equipped to handle maternal and pregnancy related emergencies (Petersen et al., 2019;
Hansen et al., 2021). Measuring spatial and non-spatial access to health care, especially in rural
areas that lack health care resources, is needed to develop accurate, effective public health
prevention strategies (Lisonkova et al., 2016; Kozhimannil et al., 2018).

Across the United States, 3 out of 5 pregnancy-related deaths were preventable during
2013-2017 (Petersen et al., 2019). The associations between geographic location, spatial access
4

to health care, and socioeconomic and behavioral factors are crucial to explore to create effective
health strategies in West Virginia. Understanding disparities rooted in Appalachia that influence
low socioeconomic status, high rates of prenatal smoking and substance-abuse, and barriers to
adequate health care is needed to further explore the intersected challenges of rural Appalachia
women (Hansen and Moloney et al., 2020). In addition, WV women experience some of the
greatest individual and community risks for maternal morbidity and mortality in the United
States, such as the highest rate of prenatal smoking and proximity to environmental hazards.
However, no previous studies on maternal-related morbidity in West Virginia have had a spatial
focus. Due to the limited research on maternal morbidity risks existing in the state of West
Virginia, this research focuses on identifying and assessing relationships between SMM,
demographics and community characteristics, and spatial access to health care at the county
scale. The creation of an accurate model that identifies and incorporates the varying aspects
which contribute to maternal health, especially in rural areas, is not only useful for the state of
West Virginia, but also for other Appalachian counties.

Chapter 2: Data
2.1 Maternal Morbidity
Some severe maternal morbidity (SMM) outcomes that exist are blood transfusion,
eclampsia, cardiomyopathy, decreased placental oxygen, inadequate nutrients, ectopic
pregnancy, hemorrhage, and placenta abruption. In this analysis, mothers who experienced a
transfusion, perineal laceration, ruptured uterus, unplanned hysterectomy, or admittance to
intensive care are included in the severe maternal morbidity count. The 5 SMM outcomes are
included due to only 5 morbidity indicators existing in the data obtained for analysis. All
maternal morbidities for the state of West Virginia for the years 2014 through 2018 were
obtained from the Center for Disease Control and Prevention (CDC) National Vital Statistics
System (CDC NCHS, 2021). Mothers that reported a West Virginia county as their county of
residence are first extracted from the total natalities. Individual cases of maternal-related
morbidity were extracted from the Linked Natality Dataset which contained detailed
demographic variables, county-level geographical variables, and medical/death conditions about
5

the infant and mother (CDC NCHS, 2021). The variables used in this analysis from the Linked
Natality files are the mother’s resident status, place of death, county of occurrence and residence,
sex, age, race, tobacco use, pregnancy status, and flags for maternal morbidity indicators.
Individual records that possessed SMM indicators are aggregated and joined at the county scale
based on the mother’s county of residence FIPS identifier. All West Virginia resident women
from age 15 to 45 who gave birth and had an SMM indicator from 2014 to 2018 are included.
Only West Virginia residents are included because of the maternal health care site and spatial
access dataset’s geographic extent. Maternal morbidity is aggregated at the county level in West
Virginia and normalized by the total number of natalities that occurred in the county. The
analysis is at the county scale due to the county being the finest geographic identifier provided in
the CDC NCHS dataset. In accordance with the CDC’s restricted-use vital statistics policy,
counties with fewer than 10 maternal morbidities are not reported. None of the counties had
fewer than 10 cases for the total SMM and all 55 counties are included in the analysis.

2.2 Community-Level Characteristics
Potential relationships between maternal morbidity rates and community-level
characteristics are explored in this analysis at the county scale in West Virginia. Recent studies
have shown maternal morbidity to be associated with varying aspects of socio-economic
characteristics and demographic factors such as low education attainment, high rates of poverty
and unemployment, high maternal age, being a woman of color, having health conditions such as
hypertension, and displaying certain behavioral habits such as prenatal smoking (Minnes et al.,
2011; Creanga et al., 2014b; Lisonkova et al., 2016; Admon et al., 2017; Fingar et al., 2018;
Petersen et al., 2019). To reduce potential multi-collinearity, the Areal Deprivation Index (ADI)
is used instead of various individual community-level covariates. The Areal Deprivation Index is
composed of 16 Census variables, displayed in Table 1, and evaluates the socioeconomic
conditions of block groups and assigns a relative value from most disadvantaged (highest ADI
value) to least disadvantaged (lowest ADI value) (Kind and Buckingham, 2018; Maroko et al.,
2016).
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Domain

Variable
% Population aged 25 years or older with less than 9
years of education
% Population aged 25 years or older with at least a
Education
high school diploma
% Employed population aged 16 years or older in
white-collar occupations
Median family income in US dollars
Income disparity
% Families below federal poverty level
Income/employment
% Population below 150% of federal poverty level
% Civilian labor force population aged 16 years and
older who are unemployed

Housing

Household
characteristics

Median home value in US dollars
Median gross rent in US dollars
Median monthly mortgage in US dollars
% Owner-occupied housing units
% Occupied housing units without complete
plumbing
% Single-parent households with children younger
than 18
% Households without a motor vehicle
% Households without a telephone
% Households with more than 1 person per room

Table 1. Census Variables in the Areal Deprivation Index
(Kind and Buckingham, 2018; Maroko et al., 2016)

The ADI breaks block groups into deciles within their individual states down into deciles
for individual states and their block group, therefore, each West Virginia block group is being
compared to other block groups in the state for their value. However, ADI suppresses any block
groups that have fewer than 100 people, fewer than 30 housing units, or more than 33% of the
population living in group quarters, leaving some block groups with no ADI (Kind and
Buckingham, 2018). To estimate a missing ADI value, the population weighted mean of ADI
value in the county was used. Other covariates included to supplement the ADI factors that have
been documented to influence maternal morbidity rates are obesity, pregnancy-tobacco use, the
number of OB/GYN visits during pregnancy, percentage of household broadband access,
rurality, and percentage of pregnant women with public health coverage as pregnant women with
7

Medicaid are more likely to experience SMM than private insurance. The percentage of pregnant
women who receive WIC benefits is also included as a variable as it can account for pregnant
women who may not have access to other maternal-related services and are at higher risk of
maternal morbidity (USDA, 2021). The explanatory variables are gathered from the 2014-2019
5-Year American Community Survey, US Department of Agriculture, the University of
Wisconsin School of Public Health, and the West Virginia HealthLink project. A detailed
description of the covariates used in the analysis and where they were obtained from are in Table
2.

Variable

Source

Maternal Morbidity Records

Center for Disease Control (CDC) RestrictedUse Natality Files (2014 to 2018)

Maternal-related Health Care Sites

West Virginia HealthLink Project

County Areal Deprivation Index (ADI)
weighted by block group populations
Rural-Urban Continuum Codes
Percent of African American pregnantaged women (15-45 years)
Percent of teenage births

Neighborhood Atlas - University of Wisconsin
School of Medicine and Public Health
US Department of Agriculture (USDA)
ACS 5-Year Estimate Detailed Table (20142019)
CDC Restricted-Use Natality Files (2014-2018)

Percentage of pregnant-aged women with
public health coverage
Percentage of women who smoked during
pregnancy
Percentage of pregnant women with
obesity
Percentage of pregnant women who had
less than 14 OB/GYN visits

ACS 5-Year Estimates Detailed Tables (20142019

Avg num of sites in 30 minute drive

ArcGIS Pro Business Analyst

Percentage of pregnant-women with WIC
Percent of households with broadband
access

CDC Restricted-Use Natality Files (2014-2018)
County Health Rankings – University of
Wisconsin School of Public Health

CDC Restricted-Use Natality Files (2014-2018)
CDC Restricted-Use Natality Files (2014-2018)
CDC Restricted-Use Natality Files (2014-2018)

Table 2. Variable identification and source
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2.3 Perinatal Health Care Sites
To assess maternal morbidity and the spatial accessibility of maternal-related health care,
health care facility locations in West Virginia that offer OB/GYN or birthing services are first
identified. Pregnancy- and maternal-related health care sites were obtained from the ongoing
West Virginia HealthLink research, a state-funded project with a goal to increase access to all
health care sites in WV. WV HealthLink provided the location of all 1,028 health care sites in
West Virginia and the services they offer, including primary care, pediatrics, behavioral health,
rehabilitation, OB/GYN, birthing, and specialty services (WV HealthLink, 2021). Health care
sites that offered birthing or OB/GYN services were selected as they provide a point of maternal
health care access and have the potential to alleviate maternal health outcomes. The health
facility data and offered services was recently updated, during the fall of 2021. Using updated
geocoded health care sites alongside recent population data is needed to accurately analyze
access, spatial or non-spatial, to health care.

Chapter 3: Methods
3.1 Calculating Maternal Morbidity Rates (MMR)
After extraction of all maternal morbidity indicators that were flagged from the Natality
Vital Statistics File from 2014 to 2018, individual death records are summed and aggregated at
the county scale. In accordance with the CDC’s data policy, only counties with greater than 10
morbidity cases, for each year and all years summed, are included. Maternal morbidities for each
county are normalized by the total number of natalities that occurred. The total number of
natalities is used in creating the county rate of SMM instead of women of child-bearing age, 15
to 45 years, because this analysis focuses on in-delivery and maternal morbidity during
hospitalization either during or up to a year after birth. By calculating total maternal morbidity
rates, counties which disproportionately suffer from the adverse health outcomes can be
identified and spatial trends can be followed to understand morbidity trends for all counties.
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3.2 Exploratory Spatial Data Analysis (ESDA)
Spatial analysis and mapping are conducted in GeoDa Version 1.18 (Anselin et al., 2006)
and ArcGIS Pro (Version 2.8.2., 2021) to explore spatial patterns of maternal morbidity rates and
the relationship with spatial access to health care and county-level characteristics. Exploratory
spatial data analysis (ESDA) is used to identify the presence and degree of spatial autocorrelation
for maternal morbidity rates at the county level. Spatial autocorrelation is a measure of how
similar or dissimilar objects at one location are in comparison to other objects located nearby
(Goodchild, 1986). To accurately assess severe maternal morbidity patterns, the degree of spatial
dependence and if a spatial variable contributing to SMM is not included in the regression model
was identified using the Spatial Error Model (SEM) (Goodchild, 1986; Getis and Ord, 1992).
Moran’s I and Local Moran’s I were both performed in GeoDa 1.18 to explore spatial
autocorrelation and patterns of maternal cause mortality rates at the county scale in West
Virginia. Moran’s I calculates spatial autocorrelation at the global scale by testing the null
hypothesis, H0, which states that the spatial autocorrelation of the variable is zero and the spatial
pattern is random, and if H0 is rejected, the variable is spatially autocorrelated (Ord and Getis,
1995). Alongside the p value, the Monte Carlo simulation is used in GeoDa to test the null
hypothesis and the Z-score in ArcGIS Pro is used to reject or not reject the null hypothesis. A
statistically significant p-value rejects the null hypothesis, a significant p-value and positive zscore indicates clustering of similar values, and a significant p-value and negative z-score
indicates dispersion. A normalized Moran’s I value of +1 suggests spatial clustering, a value of 1 suggests negative spatial autocorrelation, and a value of 0 suggests spatial randomness.
Moran’s I is advantageous over other global autocorrelation indexes because the Moran index is
intuitively arranged with using positive values when nearby areas are more similar, negative
values when nearby areas are more dissimilar, and zero when values are random and independent
in space (Goodchild, 1986). In GeoDa, Moran’s I is executed with a queen contiguity weights
matrix for the West Virginia counties that reported SMM. Queen contiguity is applied so the
counties who share an edge or common vertices are considered neighbors and potentially have
spatial influence on access to health and all-cause mortality rates. All 55 West Virginia counties
are included and had data to ensure that all the counties had neighbors. The Queen contiguity
matrix is suitable for analysis on spatial patterns of SMM and maternal health care due to the
lack of evenly distributed perinatal health care sites across West Virginia. Challenging spatial
10

access to care, whether it be difficult travel due to the mountainous topography or an absence of
a maternal health site nearby, influences women in rural areas such as West Virginia to travel to
neighboring counties or outside of the state to access care.
Local Moran’s I is applied to calculate the local spatial autocorrelation patterns of MMR
at the county level in West Virginia. Local Moran’s I measures the concentration of high values
or low values in the study area and allows for examination of the cluster magnitude (Ord and
Getis, 1995). Local Moran’s and Moran’s I share the same null hypothesis which states the
variables being examined are spatially random (Ord and Getis, 1995). Identifying an individual
county’s relationship with respect to its surrounding neighbors could provide insight on which
counties need health mitigation strategies the most, and if they contribute to the degree of spatial
autocorrelation or affect the health outcomes of their neighbors. Moran’s I and Local Moran’s
are both included as they complement each other to increase understanding and being to provide
some context of the relationship between the spatial autocorrelation of SMM and underlying
processes. Local Moran’s I works on a more local scale to identify driving processes by
identifying neighbor to neighbor clustering that may not show up in global statistics (Getis and
Ord, 1992). It is essential to measure spatial autocorrelation because the presence of
autocorrelation can lead to errors when models are created from spatially autocorrelated
variables.

3.3 Access to Maternal Health Care Sites
A spatial accessibility variable is created using drive time analysis to measure travel
distance between health care sites and centers of population. A 30 minute drive time based on
travel time and distance was calculated using ArcGIS’s network dataset accessed from the
ArcGIS Online portal. From the drive time results, an average number of sites that could be
reached within 30 minutes of driving time along roads from the centers of population is
measured for block groups then averaged for the county. The drive time analysis results are used
to find the average number of perinatal sites that residents of a county can access. The 159 sites,
provided by WV Healthlink, that offered OB/GYN or birthing services are the points to measure
away from to create the 30 minute drive time network. The travel analysis is weighted by a time
of 30 minutes because of the limited maternal care sites and their dispersed distribution across
11

West Virginia. Another access variable created is the maternal care provider sites to pregnantaged population ratio. The raw number of health care sites within 30 minutes of a population
center throughout counties, or within a county overall, may not provide accurate insight into the
relationship with maternal morbidity rates and access to care, so the ratio for health care sites
variable was calculated (Borak et al., 2012; Donohoe et al., 2016b). To calculate each county’s
ratio, the number of maternal-related health care sites within the county is divided by the
county’s population of pregnant-aged women, aged 15 to 45, per 100,000 individuals. Creating
the two access variables supports more insight into understanding the complex characteristics
that drive access to health care, especially in rural areas such as West Virginia.

3.4 Ordinary Least Squares (OLS) and Spatial Autoregression
The variables listed in Table 2 are used in the Ordinary Least Squares (OLS) regression
model to identify relationships between SMM, drive time to maternal health care sites, and
community-level indicators. The covariates included are the Areal Deprivation Index weighted
by population, county average number of sites accessible within a 30 minute drive, broadband
access, obesity, smoking during pregnancy, health insurance coverage, race, health site to
pregnant-aged women population ratio, percentage of race, pre natal visits, and rural-urban
continuum codes which signify the degree of rurality/urbanism for each county. The first linear
regression model performed tested the total maternal morbidity rate as the dependent variable
and included all 11 variables as the explanatory covariates. Consistent with other research in
statistics, covariates are considered statistically significant at p-value < 0.05. Variables that are
not significant or possessed a higher variance inflation factor (VIF) relative to the others in the
model is removed one explanatory variable at a time to determine if regression results improve.
A VIF value greater than 10 is the threshold because of its use in other maternal mortality studies
to examine which explanatory variables influence regression results (Sajedinejad et al., 2015).
An improvement of results is a higher adjusted R-squared and lower Akaike’s Information
Criterion (AICc), both indicating better fit models. Similar to adjusted R-squared, AICc takes
model complexity into account which can penalize models with more predictors due to the
increased complexity. However, even though they both take the amount of predictors into
account, they both may not indicate the same model as the best model. The final OLS model
12

consists of a set of variables that result in the best AICc and Adjusted R-Squared combination,
and lower VIF values with model complexity considered.

Ordinary least squares regression makes the assumption that the model is linear, has
normally distributed residuals, expresses spatial homoskedasticity, and no autocorrelation exists
among variables. OLS assumptions may not always be satisfied, such as when spatial
dependence exists between the variables and error terms of spatial data (Ord and Getis, 1995;
Fotheringham and Rogerson, 2009). To determine if the regression residuals of the model is
spatially autocorrelated, the residuals from the final OLS model are examined using Moran’s I.
With autocorrelated residuals and results from the OLS model, the Spatial Error Model (SEM) is
conducted in GeoDa 1.18. The final set of OLS variables and a queen contiguity spatial weights
matrix at the county level is used in the spatial error model. SEM assume that the variables are
independent and uncorrelated (Fotheringham and Rogerson, 2009). SEM identifies correlation
across spatial error terms of a geographic unit and its neighboring units (Fotheringham and
Rogerson, 2009). The spatial error value, Lambda, calculated from the SEM, is used to identify if
a spatial variable that could drive the model’s residuals does not exist within the variables
provided.

Chapter 4: Results
4.1 Maternal Morbidity Rates in West Virginia
During the years 2014 through 2018, inclusive of 2018, approximately 84,718 live births
occurred in hospitals or birthing centers across West Virginia. Out of 84,718 live births, 842 are
flagged for one or multiple maternal morbidity indicators. The total maternal morbidity rates for
West Virginia counties are shown in Figure 1, with darker purple tones representing greater
morbidity rates. Two counties, Wirt and Pleasants, had natalities from 2014 to 2018, but no
mother who was a residence of the counties was reported for maternal morbidity. The total 5year morbidity rates range from 1.4 to 27.33 per 1,000 live births. The greatest total maternal
morbidity rates were found in the southern counties, east-central border counties, and along the
south-western border counties of West Virginia. The five counties with the greatest maternal
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morbidity rate, listed in descending order based on rate, are McDowell, Tucker, Mason, Hardy,
and Grant. McDowell experienced the highest rate of maternal morbidity during 2014 to 2018
with a total rate of 27.33 per 1,000 live births. Lower mortality rates are mostly found in the
central to central northwestern border counties of West Virginia. Wirt and Pleasants hadS the
lowest total rate of severe maternal morbidity at 0 maternal morbidities per 1,000 live births.
After Wirt and Pleasants, Roane County had the lowest rate at 1.47 morbidity cases per 1,000
followed by Ritchie, Tyler, and Doddridge.

Figure 1. Maternal morbidity rate per 1,000 live births
and location of maternal health sites
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Spatial autocorrelation, measured by the
Moran’s I statistic, identifies that maternal
morbidity rates are spatially autocorrelated and
significantly clustered at the county level in West
Virginia. The Global Moran’s I index is 0.314
with a z-score of 3.6411 and p-value at 0.003.
The p-value of 0.003 indicates there is less than
1% likelihood that the clustered pattern could be
the result of random chance. Figure 4 shows the
positively correlated Moran’s I scatterplot with
maternal morbidity rates on the x-axis and spatially

Figure 2. Moran’s I scatterplot for
maternal morbidity rates

lagged mortality on the y-axis for the 55 county
values. The scatterplot is interpreted by dividing the plot into four quadrants and observing
which quadrants contained the majority of the values. Values in the upper-right and lower-left
quadrants indicate positive spatial autocorrelation (Penn State, n.d.). The upper-right quadrant
has attributes with a value and local average value higher than the overall average value and the
lower-left quadrant has attributes with a value and local average value lower than the overall
average value (Penn State, n.d.).Upper-left and lower-right indicate negative spatial
autocorrelation. Most WV county values, roughly 80%, are located in the upper-right and lowerleft quadrants which suggests positive spatial autocorrelation and clustering for maternal
morbidity, however, the counties near either axis are not considered to be significant.

The Local Indicators of Spatial Association (LISA) method explores the patterns of
morbidity at the county level. Displayed in Figure 3, the LISA cluster map indicates the type of
spatial association for each county based on the location of the value, significance, and the
spatial lag derived from the Moran scatter plot (Anselin, 2020). There are 4 LISA index
categories, and the non-significant category, which represent different cluster relationships. Only
two categories are found in this study with red representing high-high clusters, blue representing
low-low clusters, and light tan representing non-significant counties.
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High-high clusters correspond to points in the upper-right quadrant of the Moran’s I scatter plot
whereas the low-low cluster counties correspond to points in the lower-left quadrant of the plot.
Spatial outliers are found in the lower-right and upper-left quadrants in the scatter plot (Anselin,
2020). A high-high county cluster for maternal morbidity rates indicates that it is surrounded by
other counties who also have high morbidity rates. All high-high clusters are found within the
central to east-central West Virginia counties. Low-low clusters indicate that a county with low
morbidity, or no morbidity, is near other counties who similarly possess a low value. Low-low
clusters are more distributed than high-high cluster counties and located primarily along the west
border counties and trickling into west central counties. This could be a result of Wirt and
Pleasants not having any morbidity, leading
to the influence of the two zeros on
surrounding counties that also had lower
rates. Counties in the north-eastern part of
the state and border counties in the northwestern corner of the state make up almost
all of the counties, roughly 32 out of 55, in
the two positive autocorrelation quadrants in
LISA’s autocorrelation graph, however not
all are statistically significant.

Figure 3. LISA maternal morbidity
clustering at the county level

4.2 Spatial Access to Maternal Health Care
In the state of West Virginia, 159 health care sites exist that offer OB/GYN or birthing
services. As shown in Figure 1 and Figure 4, maternal-related health sites do not exist within
every WV county and some counties, such as those in the central part of the state, may have
maternal sites but they are not very accessible for everyone within the area. Eight out of the total
fifty-five counties do not have any maternal-related health care sites. The eight counties with no
sites are Mineral, Hardy, Pleasants, Wyoming, Monroe, Doddridge, Tyler, and Ritchie. Figure 4
displays the health care site provider to pregnant-aged women population per 10,000 for the
other 47 counties that do have maternal-related health care sites.
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Figure 4. Health site to pregnant-aged
population per 10,0000
Drive time analysis in ArcGIS Pro is used to create a network area within 30 minutes of
maternal health sites and block group population centroids to examine spatial accessibility. Drive
time analysis is first used to create the 30 minute driving extent towards maternal health care
sites. As seen in Figure 5, some areas along the western border and within east central counties
do not have a maternal-related health care site within 30 minutes of driving. More areas could
potentially be absent of an accessible health site within 30 minutes because of construction,
traveling rural and mountainous roads, or not having a vehicle to travel the distance. The other
variable that examines access to maternal health care is created by calculating the average
number of health sites that are accessible in a county’s areas of population. Since West Virginia
counties vary in size, population distribution, and placement of health care sites, the population
centroid for census blocks are used instead of the geographic centroid. After identifying the
number of accessible sites for each block, they are averaged by their county total to create the
average number of sites accessible within 30 minute variable for use in the OLS model,
displayed in Figure 6. The three counties with the highest average of sites accessible in 30 min,
in descending order, are Kanawha, Cabell, and Putnam. On average, most counties within the
central belt of West Virginia and near the eastern panhandle have the least amount of sites their
populations can access. By creating the two variables that represent access via driving, spatial
access can be more accurate in identifying what health care sites are within 30 minutes from
more populated areas for each county.
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Figure 5. 30 minute drive time
analysis towards maternal health care

Figure 6. Average number of maternal
health care sites within 30 driving minutes

4.3 OLS and Autoregression
For the OLS regression model, explanatory variables with non-significant and high VIF
values that decreased adjusted R-squared and increased AICc are removed one at a time. The
final OLS model variables were the weighted ADI, County ADI weighted, percent of pregnant
African Americans, percent of pregnant women with obesity, percent of smoking while pregnant,
average number of sites within 30 min, and percent of pregnant women who had more than 14
prenatal visits. Only two variables are statistically significant with a p-value of <0.05, including
the percent of pregnant African American women and the percent of pregnant women that
attended more than 14 prenatal health visits. The African American variable has a positive
coefficient of 88.57 and p-value of 0.20665, and the prenatal visits variable has a negative
coefficient of -0.153 and p-value of 0.21019. The adjusted R-squared value for the linear
regression model is 0.11, indicating that only 11% of the variation in maternal morbidity rates at
the county level is accounted for by the OLS model covariates. The final AICc value from the
best-fit OLS model is 312.102. A summary of the ordinary least squares results for the six
explanatory variables is shown in Table 3. All covariates have a variance inflation factor (VIF)
value less than 4 which suggests low redundancy among the explanatory variables. Based on the
t-statistic, the percent of women who attended more than 14 visits and county percent of African
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American pregnant-aged women have the strongest relationships with maternal morbidity rates
across West Virginia.

Variable
Intercept
County ADI weighted
Percent of pregnant
African Americans
Percent of pregnant
women with obesity
Percent of smoking
while pregnant
Average number of
sites within 30 min
Percent of pregnant
women who had
more than 14 visits

Coefficient
17.54602
0.254305
88.566849

StdError
12.63894
0.62381
37.008849

t-Statistic
1.368257
0.407663
2.393126

Probability
0.155517
0.685335
0.020665*

VIF
-1.62297
1.495343

0.042409

0.306087

0.138552

0.890384

1.543186

-0.002182

0.003693

-0.590980

0.557306

3.244948

-0.194466

0.366415

-0.530724

0.159847

3.003486

-0.153280

0.095511

-1.604850

0.021019*

1.543186

Table 3. Ordinary Least Squares (OLS) best-fit model summary

To determine if the residuals from the best-fit
ordinary least squares regression model are spatially
autocorrelated, Global Moran’s I analysis is performed.
Moran’s I index value is 0.277 with a z-score of 1.516 and
p-value of 0.1294. The p-value value suggests that the
best-fit OLS model pattern is random. A linear graph from
Moran’s I with OLS residuals on the x-axis and spatially
lagged residuals on the y-axis is displayed in Figure 7.
While the residuals are not spatially autocorrelated, the
low adjusted r-squared of 0.11 could argue for spatial
regression.

Figure 7. Moran’s I scatterplot
for OLS model residuals

A Queen contiguity spatial weights matrix is created to identify the strength of
association represented by a spatial error term in the regression model. The spatial error
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regression model has a positive and significant Lambda term of 0.56416, suggesting a spatial
pattern above and beyond that represented by the independent variables. A summary of the
spatial error model and variables is shown in Table 4. The spatial error model only returned the
percent of African American women as statistically significant, as compared to the ordinary least
squares regression model which returned percent of African American women 14-45 years old
and percent of pregnant women who have obesity. Further research on maternal morbidity and
covariate relationships should be explored to identify more factors that contribute to and affect
the underlying drivers of morbidity rates and residuals in West Virginia.
Variable
Coefficient Std.Error
z-value Probability
----------------------------------------------------------------------------CONSTANT
15.9719
11.1806
1.42854
0.15314
CNTY_ADI
0.238
0.727501
0.327147
0.74356
Sites30min
-0.545399
0.325486
-1.67565
0.09381
AfricanAme
78.0161
33.8255
2.30643
0.02109*
PSmoke
0.000481039 0.00298848 0.160964
0.87212
Lessthan14
-0.120887
0.0954111
-1.26702
0.20515
Obesity
0.0370952
0.2626
0.141261
0.88766
LAMBDA
0.564146
0.125986
4.47783
0.00001*
Table 4. Spatial Error Model of OLS residuals

Chapter 5: Discussion and Conclusion
5.1 Discussion
This study examined the spatial relationships between severe maternal morbidity rates,
community characteristics, and spatial access to health care at the county-level in West Virginia.
Counties in the southern and eastern parts of the state experienced higher maternal morbidity
rates compared to the rest of the counties. It was unexpected that more developed counties,
health infrastructure wise, such as Monongalia, Cabell, and Beckley experience higher maternal
morbidity rates. One explanation could be due to higher populations of African Americans,
therefore higher populations of African American women, within and near urban areas in West
Virginia. Out of the six covariates in the ordinary least squares model, only two covariates were
deemed statistically significant, the percent of pregnant African Americans and percent of
women who attended more than 14 prenatal visits. The positive coefficient of percentage of
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pregnant African American women suggested an increase of pregnant African Americans and an
increase in SMM rates.

The negative coefficient of the percent of pregnant women who attended more than 14
prenatal visits suggested that more pregnant women attending 14 or more visits during their first
three trimesters is associated with lower rates of SMM. Having spatial or physical access to a
health care facility, however, doesn’t necessarily prevent adverse maternal health outcomes.
Especially with pregnancy-related and maternal-related morbidity, a health condition that was
pre-existing or became existing because of the pregnancy or delivery may not be treatable by the
physicians in their area due to less knowledge in specialized fields dealing with pregnancy and
health conditions. For example, if a pregnant woman in WV develops hypertension she can see a
cardiologist or obstetrician, but would need to travel a long distance or utilize telehealth to speak
with an obstetric cardiologist who specializes in heart health during pregnancy. In areas like
West Virginia that have disparities in access to maternal health care, ensuring household
broadband access is one way to offer a form of maternal health care and begin conversations
about improving maternal behavior and morbidity risks. While it was not found statistically
significant in West Virginia, improving maternal health choices such as not smoking or using
substances while pregnant, has been shown to decrease SMM. West Virginia has the highest rate
of smoking among pregnant women and has also seen a rise in drug-use during pregnancy, often
used together (Cherok et al., 2017). In order to begin alleviating maternal morbidity, public
health strategies must be put in place for pregnant women to have access to nearby maternal
care, increase awareness of SMM, and promote a healthier lifestyle during pregnancy.

Various limitations exist in this analysis regarding the maternal morbidity data, scale of
analysis, and selected methods. The maternal morbidity data is only collected for the state of
West Virginia, leaving out potential morbidity cases of mothers who are residents of West
Virginia but travel outside the state to receive care. The restricted-use natality files that are used
to identify maternal morbidity indicators are also potentially limiting due to only having births
that occur in hospitals or birthing centers. SMM cases that occur during labor or delivery at
home, which can increase the risk of SMM due to lack of medical care and attention, were not
provided within the data used in the analysis. The amount and varying type of indicators which
21

classify severe maternal morbidity are not be reflective of the population and demographics of
pregnant women in West Virginia. With over 21 SMM indicators by the CDC, not all of the
indicators exist equally across pregnant populations. For instance, previous research has found
that black women are more likely to develop preeclampsia and suffer from cardiovascular and
blood pressure morbidities than white women (Hirshberg, 2020). In rural communities, pregnant
women are more likely to have pre-existing chronic conditions, such as hypertension, obesity,
and diabetes (Mostafavi, 2017). Accounting for the 21 varying types of SMM indicators when
the population of focus is West Virginia could have contributed to why the adjusted r-squared for
the final OLS model was relatively low at 11%.

The county scale which the analysis is conducted at poses a limitation as the coarse
spatial scale cannot identify specific neighborhoods most in need of maternal health strategies.
While the use of the county scale doesn’t highlight specific areas in need, it can provide
foundational information to regional health offices and increase awareness of the issue to
beginning creating strategies. The drive time analysis and use of the block population centers is
included to provide more spatial insight into access, but the scale of the analysis can change the
degree of spatial autocorrelation as it is extremely dependent on scale (Goodchild, 1986). Spatial
autocorrelation is sensitive to scale and how the grid and objects are divided into cells to measure
heterogeneity, so it was essential to be aware of the influence of scale on results such as Moran’s
I, LISA, and SEM. West Virginia only having 55 counties also increases risks and challenges
such as potential error in the spatial analysis and regression models. The small sample size, the
number of neighbors, the uneven size of counties, and the weight matrix chosen in the analysis
have influence on measuring the degree global spatial autocorrelation, spatial error, and the
ability to detect effects (Blackley et al., 2012; Hendryx et al., 2010).

In addition, aggregating county-level morbidity and socioeconomic data introduces the
risk of applying the county value at the individual level and not incorporating all aspects of the
community population. The use of health care sites that are only within West Virginia is limiting
in spatial analysis for access to health care, as it assumes that every individual will remain in
their state to receive health care, whereas some may cross into a neighboring state if it provides
better access. For example, access in the Eastern Panhandle may be misleading because of health
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care facilities in cities like Cumberland, MD, Hagerstown, MD, and Winchester, VA. Pregnantwomen in the western border counties travel over to Kentucky and women in northern counties
commonly travel outside the state to Pennsylvania and Ohio for maternal health care. With the
potential for travel outside of the state, some maternal morbidities for West Virginia women can
be recorded in surrounding states’ vital records, which were not requested for analysis. West
Virginia’s predominately white population also poses a challenge in this study for evaluating
race and MMR. Women of color generally experience 2-3x greater MMR rates than white
women. but have a much smaller population in West Virginia which leads to high error in the
regression model (NIH, 2020). Maternal morbidity and mortality data on an individual scale, or
a fine scale like blocks would be able to provide a more detailed analysis on maternal outcomes
and neighborhood access to health care as the counties in West Virginia are large and their health
care sites are unevenly distributed.

5.2 Conclusion
Despite WV having characteristics associated with increased risk of maternal morbidity
as compared to the rest of the United States, this study is one of the first to examine the spatial
patterns of severe maternal morbidity and spatial access to health care in this state at the county
level (Adams et al., 2015; Borak et al., 2012; Hendryx et al., 2010; Woolf et al., 2019). The
ability to access adequate health care is important to target in order to alleviate maternal
morbidity and mortality rates in West Virginia. By identifying counties that have higher rates of
SMM, higher rates of smoking while pregnant, and less access to health care, programs can be
created to target areas and individuals who exhibit risks. Locating areas with low access to health
care and low facility to population ratio can also guide efforts on where health care facility
development should occur. Lowering morbidity rates in WV requires various components
including improving access to health care, increasing socioeconomic status, improving the
number and distribution of health care sites, and ensuring adequate medical services. Increasing
access to health care, promoting good maternal and community health, and overall alleviating
morbidity rates is a challenge rooted in social, cultural, and political history. Barriers to health
care, spatial and non-spatial, must first be identified and understood to develop effective health
strategies to improve maternal health outcomes in West Virginia. While the model in this study
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only successfully visualized morbidity rates and drive time analysis and contained weak
covariates, once a model is created that captures the complexity of mortality and health care
access for WV counties it could be applied to other Appalachian counties with similar
challenges. Further research needs to be conducted with the concept of spatial accessibility and
more detailed information on adequate maternal care for both the mother and health provider.
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